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1. INTRODUCTION
The Housing and Economic Recovery Act of 2008 established for Freddie Mac a duty to help preserve affordable housing for 
families with very low, low, and moderate incomes. Improving the energy efficiency of single-family homes is one important 
way to achieve preservation. Less than 1% of mortgages are related to energy efficiency features (Kaza et al., 2015); this 
suggests that the market is underserved, with opportunity for growth. We conducted this analysis to understand the value 
and the loan performance associated with energy-efficient homes to support the consideration of energy efficiency in 
mortgage underwriting practices.

One might expect energy-efficient homes to sell for higher prices due to the added value of energy efficiency features, 
along with the energy savings and comfort they bring. Furthermore, one might expect energy-efficient homes to incur lower 
utility bills, resulting in more disposable income for homeowners to pay their mortgages (Kaza et al., 2014). In other words, 
energy-efficient homes could have higher collateral value and could impose less financial stress on their owners; combined, 
these factors could potentially justify flexibility during the underwriting process.

This paper compares the property sale price and loan default rates between energy efficiency rated and unrated homes, as 
well as better-rated and lessor-rated homes. Descriptive analysis shows that homeowners choosing to have their homes 
rated are different from the general population, and rated homes have different characteristics from unrated homes. We 
identified a comparable unrated group for the rated group by accounting for differences in property attributes as well as 
borrower and loan characteristics in our regression analysis.

Summary of Findings
Using a national random sample, we conducted an analysis of energy-efficient homes rated between 2013 and 2017 
and found:

• From the property value analysis, rated homes are sold for, on average, 2.7% more than comparable unrated homes
• Better-rated homes are sold for 3-5% more than lesser-rated homes.
• From the loan performance analysis, the default risk of rated homes is not, on average, different from unrated homes, 

once borrower and underwriting characteristics are considered.
• Loans in the high debt-to-income (DTI) bucket (45% and above) that have ratings, however, appear to have a lower 

delinquency rate than unrated homes.
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2. RATINGS BACKGROUND
We studied two widely used energy efficiency rating systems: (1) Home Energy Rating System (HERS) Index by the Residential 
Energy Services Network (RESNET); and (2) Home Energy Score (HES) by the Department of Energy (DOE). The two ratings 
vary in many ways, especially in terms of their main requesters for ratings, the reference home used in the rating process, 
and their geographic locations. 

2.1 Main Requesters and Age of Rated Properties

Historically, the main requesters for a RESNET rating have been builders, with more home sellers participating in recent 
years. As a result, most of the RESNET-rated homes are rated when they are newly built or built within two years of the 
construction (Exhibit 1). In contrast, the main requesters for the DOE rating are home owners of existing homes. As a 
result, DOE-rated homes are not typically rated while new; the average property age for DOE-rated homes is around 45 
years old at the time of the rating1. Accordingly, the pools of RESNET-rated and DOE-rated homes have different property 
and homeowner attributes. 

2.2 Rating Scales and References

RESNET’s HERS Index ranges from negative to positive infinity, mostly concentrated between 1 and 100. The index 
reflects a relative scale obtained by comparing the rated home to a reference home designed to be of a similar size, 
shape and type that is a standard new home built to the International Energy Conservation Code. A score of 100 refers 
to the energy use level for the reference home. A score of 80 indicates 20% less energy consumption than the reference 
home. A typical resale home scores 130, indicating 30% more energy use than its reference home.  Thus, a higher score 
indicates less energy efficiency. Most RESNET-rated homes in our sample have a HERS Index of less than 85, meeting 
industry standards (such as ENERGY STAR certification) for being energy efficient.

DOE’s HES uses a 1-to-10 scale, where higher scores indicate higher energy efficiency levels. For example, a score of 1 
generally indicates that the home’s energy usage is in the top 10%, while a score of 10 indicates that the home’s energy 
usage is in the bottom 10%. According to DOE, the 10 levels account for location climate by “mapping the zip code for 
the house address to the nearest weather station. Each weather station has its own definition of Score ranges based 
on local weather” (HES Scoring Methodology, 2017). Property size is not considered when assessing the level of energy 
use. Therefore, all other things being equal, larger homes will receive a lower HES energy efficiency rating, given the fact 
that larger homes are likely to use more energy.

1 Exhibit A1 in the Appendix describes the age distribution when homes receive DOE rating. 

Exhibit 1. Share of homes rated as new and existing

Note: Year built and year of rating were used for identifying newness of the properties at rating. 
Homes missing the year built or rating are excluded. Homes were rated between 2013 and 2017. 
New is defined as 0~2 years after building.
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Exhibit 3. County level counts of DOE-rated single-family homes between 2014 and 2017

Exhibit 2. County level counts of RESNET-rated single-family homes between 2013 and 2017

2.3 Locations of Rated Homes

Geographically, RESNET-rated homes are relatively spread out, but they do not reflect each state’s share of the housing 
market (Exhibit 2). For example, California is underrepresented given its large total housing stock2. The Midwest-Great 
Lakes and Northeastern states have wide geographic coverage of RESNET-rated homes while the county level counts 
are low. Counties in Texas, Arizona and southern Nevada have the greatest concentration of RESNET-rated homes. The 
10 counties with the most RESNET-rated homes represent 24% of the total RESNET market nationwide (see Exhibit A2 
in the Appendix). In contrast, DOE-rated homes are very concentrated in certain areas, such as Northeastern states 
including Connecticut and New Jersey (Exhibit 3). The 10 counties with the most DOE-rated homes encompass about 
70% of all DOE-rated homes nationwide (see Exhibit A3 in Appendix).

2The number of homes HERS rated in California does not include homes rated under the California Energy Commission’s (CEC) Title 24.  Title 24 includes an Energy Design 
Rating (EDR), modeled on the RESNET HERS Index. RESNET standards recognizes a state rating program if mandated by state law.  With the EDR, the governing body is the 
CEC not RESNET. RESNET and CEC have been working on harmonizing the California rating system with RESNET’s.
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3. DATA AND METHODOLOGY

3.1. Data Sources

We acquired energy efficiency rating data collected between 2013 and 20173 from RESNET and DOE. The datasets 
included rating scores and home features related to energy consumption that were assessed during energy auditing. 
We received data regarding about 789,000 RESNET-rated and 65,000 DOE-rated single-family homes in total. From 
that universe, we used random sampling to select 70,000 RESNET-rated homes and 6,500 DOE-rated homes for 
analysis4. 

To appropriately protect homeowner privacy, we collaborated with a major credit bureau to gather additional data that 
would take care to protect homeowners’ privacy. For each of the randomly selected homes, the credit bureau used 
its property records database to form a comparison dataset by randomly selecting five unrated homes from the pool 
of single-family owner-occupied properties within the same census tract. This helped minimize the differences in 
neighborhood characteristics and essentially excluded geographic outliers that would be less appropriate comparable 
homes for the rated properties. We eventually obtained a dataset on a total of about 450,000 properties (about 76,500 
rated, plus 5 comparable unrated for each rated). For these 450,000 homes, we procured the latest sale price and 
property attributes through the credit bureau’s property record database. Property attributes included number of 
bedrooms and bathrooms, square footage, acreage, year built, location in terms of census tract, and year of sale.

From the credit bureau’s database, we also obtained anonymized characteristics on the approximately 670,000 
borrowers associated with the properties in our dataset, as well as information on mortgage underwriting factors and 
loan performance5. These variables included: mortgage payment history, debt-to-income (DTI) ratio, loan amount, loan 
type, as well as borrowers’ income, credit score, age and education level6. Except for mortgage payment history, which 
is recorded monthly, other variables for each account are examined in December each year between 2012 and 2016. 
To get the variable values closest to the moment of originations, we linked the December values in the year prior to the 
loan origination date to use as the numbers at the origination.

3.2. Methodology

3.2.1. Comparison Groups

We used two specifications to explore the effects of energy efficiency. In the first specification, we compared 
rated homes to unrated homes. We first investigated the differences in property sale prices between rated and 
unrated groups while accounting for differences in property attributes. We then investigated the differences in loan 
performance while controlling for differences in borrower and loan attributes. Because differences between rated 
and unrated homes in terms of property and borrower characteristics may signal sample selection bias related to 
the choice of rating, further techniques are needed to reduce that bias. As a result, we applied propensity score 
matching7 techniques to select unrated homes that were most comparable to rated homes, mimicking the process 
of selecting a home for rating. The goal was to select unrated homes that had a similar probability of being rated but 
were not in the sample that were rated. In the second specification, we classified rated homes into different energy 
efficiency levels based on their rating scores. With this specification, we could test whether and how much energy 
efficiency levels impact house value and whether there is a threshold at which energy efficiency effects become 
apparent.

3DOE has very little data for 2013 (only 6 homes rated), since DOE’s HES rating program began in 2012.
4On average, it’s based on 1-in-11 random sample selection for RESNET and 1-in-10 for DOE. We applied larger sample rates for earlier years than later years to keep more

homes with longer loan performance period for evaluation.
5The matching process was completed by the credit bureau to protect the privacy of the consumers in the data. We did not access individual private information.
6Loan-to-value (LTV) ratio is not available from the purchased dataset. We calculated our own by dividing the loan amount at origination using the sale price closest to the

origination time.
7More details on matching are in the Appendix Exhibit A4.
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3.2.2. Model Specifications and Variables

To assess the value of energy efficiency added to home sale price, we used a standard hedonic model to compare 
the sale prices of rated and unrated homes, as well as of more energy-efficient homes and less energy-efficient 
homes. In the hedonic model, the house price is explained by a set of property and neighborhood characteristics. 
Energy efficiency is an element in the property attribute set and contributes to the explanation of the house price. 
Our hedonic model specification is:

4. RATING SYSTEMS AND THEIR CONSUMERS
Before conducting the regression analysis, we studied the homeowners behind the demand of energy efficiency ratings 
and compared them with the general population. Exhibit 4 shows that about 85% of RESNET-rated homes were sold after 
they were rated, while no sales were observed for about 80%8 of DOE-rated homes after their ratings and before the end 
of our study period (May 1, 2018). Accordingly, the typical consumers were new homebuyers in the RESNET sample and 
existing homeowners in the DOE sample. This could also signal the original purpose of rating: either a marketing tactic to 
differentiate home features and drive higher sale prices (likely the RESNET sample) or a technique purely for energy use 
information and understanding potential energy efficiency improvements (likely the DOE sample).

The remainder of Section 4 focuses on studying these major segments of consumers (blue bar for RESNET and green bar 
for DOE in Exhibit 4) in each rating sample.

8This is not unreasonable, given that existing home sales are about 6% annually. Assuming DOE homes are rated either all in 2013 or all in 2017, simple math tells us that 
there will roughly be 36% or 12% of them sold by 2018. The sales rate of 20% observed in our data falls reasonably in the range of 12%-36%, when DOE homes are rated over 
the years between 2013 and 2017.
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Exhibit 4. Share of homes with or without observed sales after rating

Exhibit 5. Homeowners’ relative income

RESNET Homeowners' Relative Income: Sold 
after Rating
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Sold after rating Not sold after rating

Note: Rating date and sale date are used for identifying this temporal relationship. Homes with missing rating date or sale date are 
excluded. Homes were rated between 2013 and 2017.

4.1. Income Distribution of Homeowners of New and Existing Energy Efficiency-rated Homes
Due to the different geographic concentrations of RESNET- versus DOE-rated homes, for ease of comparison, homeowner 
incomes were converted into relative income by dividing them with area median income (AMI) at the county level. We 
did not see a large difference in the relative income distributions between RESNET- and DOE-rated homes; more than 
40% of the homeowners earned   more than 120% AMI and the rest were distributed in lower income buckets (Exhibit 
5). Interestingly, the income distributions for both RESNET- and DOE-rated homes both showed fewer high-income 
households (>120% AMI) and more very low-income households (≤50% AMI) compared to the general mortgage 
origination market, using the 2016 Home Mortgage Disclosure Act (HMDA) data.
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DOE Homeowners' Relative Income: Not Sold 
after Rating
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Exhibit 5. Homeowners’ relative income

RESNET Homeowners' Age: Sold after Rating
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Exhibit 6. Homeowners’ age

Note: Household income is shown relative to the area median income at the county level. Homes were rated between 2013 and 2017. “RESNET” 
refers to RESNET-rated homes that were sold after rating. “DOE” refers to DOE-rated homes that were not sold after rating (no sale transactions 
observed before May 1,2018). “HMDA 2016 Market” refers to HMDA 2016 owner-occupied single-family and manufactured housing originations 
and purchases, excluding redundant loans.

4.2. Age Distribution of Homeowners of New and Existing Energy Efficiency-rated Homes

Compared to their corresponding benchmark populations, RESNET-rated homes are slightly more likely to be owned by 
Generation Xers (36-54 years old as of 2016)9 and fewer Millennials (19-35 years old as of 2016). DOE-rated households, 
on the other hand, decisively skew older; Generation Xers and Baby Boomers plus earlier generations (those at age 55 
or over as of 2016; identified as “Seniors” through the rest of the paper) are overrepresented relative to the general 
population, at the expense of Millennials (Exhibit 6).

9There are small variations in generation definitions in different studies. Our definitions of generations are close to those in Urban Institute (https://www.urban.org/sites/
default/files/publication/98729/millennial_homeownership.pdf). Millennials are born between 1981 and 1997; Generation Xers are born between 1962 and 1980 (1965-1980 
in Urban Institute study). Further, we define all those born in and before 1961 as the Senior.

https://www.urban.org/sites/default/files/publication/98729/millennial_homeownership.pdf
https://www.urban.org/sites/default/files/publication/98729/millennial_homeownership.pdf
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Exhibit 7. Homeowners’ education levels

Exhibit 6. Homeowners’ age

 

DOE Homeowners' Age: Not Sold after Rating
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Rating
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Note: Ages in brackets were as of 2016. Homes were rated between 2013 and 2017. “RESNET” refers to RESNET-rated homes that were sold after 
rating. “DOE” refers to DOE-rated homes that were not immediately sold after rating (no sale transactions observed before May 1,2018). “New 
Mortgage Homes” and “Existing Mortgage Homes” refer to anonymized individual credit bureau data from September 2016; the former is where there 
was no mortgage in 2012 but one in 2016 and the latter is where there was a mortgage in both years.

4.3. Education Levels of Homeowners of New and Existing Energy Efficiency-rated Homes

For both RESNET-rated and DOE-rated homes, about 50% of owners have a least a bachelor’s degree. These percentages 
are higher than their corresponding benchmarks (35% for RESNET and 23% for DOE, as shown in Exhibit 7).
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DOE Homeowners' Education: Not Sold after 
Rating
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Note: Homes were rated between 2013 and 2017. “RESNET” refers to RESNET-rated homes that were sold after rating. “DOE” refers to DOE-rated 
homes that were not immediately sold after rating (no sale transactions observed before May 1,2018). “New Mortgage Homes” and “Existing 
Mortgage Homes” refer to anonymized individual credit bureau data from September 2016; the former is where there was no mortgage in 2012 
but one in 2016 and the latter is where there was a mortgage in both years.

Exhibit 8. Average house characteristics for unrated and RESNET-rated 

Exhibit 7. Homeowners’ education levels

5. NEW HOMES (RESNET SAMPLE)
Sections 5 and 6 convey our analysis of new homes and existing homes separately. The new home study relied on the 
RESNET-rated sample while the existing home study relied on the DOE-rated sample. Also, from section 4, we know that 
RESNET data is more appropriate for analyzing the impact of energy efficiency on sale price and loan performance because 
of the prevalence of sale transactions. DOE data, on the other hand, is more useful for understanding existing homes and 
their owners who request ratings to inform themselves about the potentiality for energy efficiency improvements or retrofits.

5.1. Property Valuation Analysis

5.1.1 Summary Statistics
Descriptive analysis showed that the characteristics of RESNET-rated homes were different from those of unrated 
homes. Exhibit 8 shows the average house characteristics for unrated and RESNET-rated homes. Compared to 
unrated homes, RESNET-rated homes were sold for higher prices on average. At the same time, rated homes were 
larger and newer. Among all RESNET-rated homes, better-rated homes (higher quartiles) were sold for higher prices 
partially related to their larger sizes. We needed to account for these differences to discover the difference energy 
efficiency made in sale prices.

Note: RESNET-rated homes were rated between 2013 and 2017, and unrated homes were selected 
from nearby neighborhoods. Quartiles were constructed based the value of 100-HERSIndex, and each 
quartile contains about one fourth of all RESNET-rated homes in the sample.
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Exhibit 9. Regression estimation results for the effect of energy efficiency on sale prices

Note: Columns 1 and 3 include all unrated homes in our sample, and columns 2 and 4 restrict the unrated homes to the nearest matched homes 
based on propensity scores. Control variables include square footage, acres, age of the property at sale and its square term, as well as census 
tract and year-quarter fixed effects. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

5.1.2. Regression Analysis
To measure the relationship between house prices and RESNET rating, we first compared rated homes to unrated 
homes, controlling for property attributes and neighborhood differences. In Exhibit 9, columns 1 and 3 used the 
unmatched sample as native comparisons to our preferred results in columns 2 and 4 using the matched sample.

After accounting for property characteristics in the price regression analysis, we found RESNET-rated homes were 
sold for 4.3% more when all unrated homes were used and 2.7% more when more comparable unrated homes were 
used in the matched sample (Columns 1 and 2 in Exhibit 9). When grouping rated homes into four energy efficiency 
quartile levels, we found that homes in the first quartile (least energy efficient group with an average HERS Index 
of 72.5) did not sell for a statistically different price than unrated homes (Column 4 in Exhibit 9). However, as the 
energy efficiency level rises in each quartile, sale prices also rise (2.6-4.4%) relative to comparable unrated homes. 
This indicates a threshold (at least Quartile 2 rating) for the market value of energy efficiency to be realized. It also 
shows the importance of matching, since the estimates in Column 3 are over-estimated for most quartiles without 
using matched samples.

The price premium associated with RESNET-rated homes can be interpreted in several ways. First, being RESNET-
rated may reflect high energy efficiency because more than 90% of RESNET homes in our sample had a score less 
than 85 (which also qualifies them for ENERGY STAR® certification). In other words, being RESNET-rated is overall 
a good proxy for energy efficiency. Second, because RESNET ratings typically are requested by builders, those 
builders may highlight the ratings when marketing the properties to differentiate those homes from other properties 
and achieve a pricing premium as a result. Third, in addition to the value added by the energy efficient features of 
RESNET-rated homes, the simple fact that the homes were rated could signal added value to the homebuyers. 

To tease out the signaling effect, we repeated our regression analysis using only RESNET-rated homes. If there are 
signaling effects, then all RESNET homes would reflect them and could be cancelled out when comparing rated 
homes with each other. If we further assume similar marketing effectiveness among rated homes at different energy 
efficiency levels, then the RESNET-only sample is closer to capturing the price premium that is only associated with 
energy efficiency. Comparing homes in the higher quartiles to those in Quartile 1, we again found 3-5% higher sale 
prices associated with homes of higher energy efficiency levels, as shown in Column 6 of Exhibit 9. 
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Exhibit 10. Average borrower and loan characteristics for unrated and RESNET-rated homes 

Note: Sample size presented in this exhibit is smaller than in Exhibit 8 because the loan performance dataset in this exhibit is a subset of the 
property dataset in Exhibit 8. All homes were restricted to those with primary mortgage accounts, with at least two years of loan performance, and 
originated after January 2013 and before August 2016. Unrated homes were further restricted to those built after 2013. Quartiles were constructed 
by 100-HERS Index.

5.2. Loan Performance Analysis

5.2.1. Summary Statistics
From an underwriting perspective, there are notable differences between rated and unrated homes10. Exhibit 10 
shows that RESNET-rated homes have lower delinquency rates than unrated homes, both in terms of becoming ever 
60 days and ever 90 days delinquent. Among rated homes, some trends in the changes of loan factors are evident 
at different levels of energy efficiency. Better-rated homes (higher quartiles) had lower delinquency rates. At the 
same time, better-rated homes also had better profiles in general: owners with higher average credit scores (FICO), 
lower LTV ratios at origination, higher origination unpaid principal balances (UPB), higher owner incomes, and higher 
neighborhood incomes at the census tract level.

5.2.2. Regression Results for Default Risk
In our analysis of the default risk, when underwriting factors were accounted for, however, we did not find the loan 
performance of RESNET-rated homes to be different from unrated homes (Columns 1 and 2 in Exhibit 11). Also, better 
scores did not translate to better loan performance among rated homes (Columns 3-6 in Exhibit 11). A few possible 
reasons might explain the absence of the effect of energy efficiency on loan performance. First, our analysis period 
has low levels of overall delinquency. The small number of delinquent events in the dataset may not be enough 
for drawing statistical conclusions. Second, the savings on energy bills may be too small to resolve difficulties in 
mortgage repayment. Extra disposable income could put households at a better financial condition; however, the 
degree of relief may not be enough to cancel out financial shocks caused by traumatic events such as a major illness, 
income reduction or unemployment, divorce or death of a spouse. Third, savings on energy bills may have been used 
instead for purposes besides mortgage payments, such as paying off other types of debts (credit cards, for example) 
or purchasing items not previously included in the household budget. Consumers are different in prioritizing the types 
of debts they have, as well as positioning non-debt related consumptions over debts. 

10The unrated homes used for loan performance analysis were selected by the year built (after 2013) rather than the propensity matching process. Together with other 
restrictions imposed on mortgage data (see note related to Exhibit 12), this returns a sample of unrated homes smaller than the RESNET-rated home sample, which is not 
appropriate for applying the propensity matching method.
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Exhibit 11. Logistic regression results for the effect of energy efficiency on delinquency

Note: Control variables included buckets of FICO, LTV, DTI, relative income, unpaid principle balance, loan term, as well as census tract income, vintage fixed effects, 
and state fixed effects. The loan performance dataset is a subset of the property dataset. All homes were restricted to those with primary mortgage accounts, with at 
least two years of loan performance, and originated after January 2013 and before August 2016. Quartiles were constructed by 100-HERS Index. Standard errors in 
parentheses. *** p<0.01, ** p<0.05, * p<0.1.

5.2.3. Loans in High Debt-to-income (DTI) Bucket
Because of our focus on access to credit, we also looked at how potential energy savings impact delinquency rates 
for loans with different DTI buckets. Based on both summary statistics and the regression analysis, RESNET-rated 
homes have a lower delinquency rate than unrated homes in the highest DTI bucket (45% and above).

Exhibit 12 presents the average values of an ever 60-day delinquency rate for conventional loans by LTV and DTI 
buckets. The top panel represents RESNET-rated homes and the bottom panel shows the unrated homes. As expected, 
within each group, higher DTI or higher LTV was associated with higher delinquency rates. Comparing rated and 
unrated homes, the average values of delinquency rate at more than 45% DTI buckets were smaller for RESNET-rated 
homes than for unrated homes (Exhibit A5 in the Appendix presents a similar pattern for the ever 90-day delinquency 
rate and Exhibit A6 presents the loan counts by DTI and LTV buckets). 

We next test statistically whether the impact of energy efficiency on loan performance matter differently for homes 
at different DTI levels. To do this, we included interaction terms between the existence of an energy efficiency rating 
(rating dummy variable) and DTI buckets. After we controlled for other differences in underwriting between the 
rated and unrated homes, the reduced delinquency associated with energy efficiency ratings in the high DTI buckets 
remained. Exhibit 13 presents estimates derived from a linear probability model, and this model was chosen over a 
logit model (in Exhibit 11) for easier calculation and interpretation on estimates of the interaction terms. Estimates in 
Exhibit 13 are the sum of coefficients of RESNET-rated dummy and coefficients of interaction    terms (rating dummy 
* DTI buckets). By reviewing the ever 60-day delinquency model results for conventional loans in the third column, we 
observed the estimate indicates the delinquency rate for RESNET-rated homes was 170 basis points lower than for 
unrated homes in the above-45% DTI bucket. These differences are also statistically significant in ever 60-day and 
ever 90-day delinquency models for all loans (government and conventional loans).
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Note: Data includes households with a first-lien mortgage reported in a major credit bureau data originated between January 2013 and September 2016 on houses 
built since 2013. Credit records with highly unusual values likely to result from reporting errors are excluded. 

Note: Highlighted coefficients are significant at the 5% or 10% level. Control variables include buckets of FICO, LTV, DTI, relative income, UPB, loan term, as well as 
loan type, census tract income, vintage fixed effects, state fixed effects, and interactions terms of DTI buckets with dummy variable of rating. This table presents 
estimates derived from linear probability model. Specifically, coefficients of energy efficiency rating dummy + coefficients of (rating dummy * DTI buckets). 
DTI<30% is omitted. Linear probability model was used for easier calculation and interpretation on estimates of the interaction terms.

Exhibit 12. Ever 60-day delinquency rate for conventional loans by LTV and DTI buckets

Exhibit 13. Derived estimates of differences in delinquency rates between RESNET-rated and unrated homes by DTI buckets

6. EXISTING HOMES (DOE SAMPLE)
6.1. Summary Statistics for the Property Dataset
DOE-rated homes have average sale prices similar to unrated homes. However, DOE-rated homes are smaller and much 
older than the unrated homes (Exhibit 14). It is also important to note that the most recent year-of-sale for DOE-rated 
and unrated homes are very different. The average year of sale is 2005 for the DOE-rated group and 2011 for the unrated 
group. Given that rated homes in our sample are rated after 2013, this indicates homeowners requesting DOE ratings 
are not seeking a rating for purposes of an immediate sale after a rating but are interested in energy retrofits. Therefore, 
the DOE dataset may be less appropriate for sale price analysis given the absence of price information after rating. 
Furthermore, among all DOE-rated homes, more energy-efficient homes are less expensive, smaller, use less energy, 
and generate lower utility bills.
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Exhibit 14. Average house characteristics for unrated and DOE-rated homes 

Note: DOE-rated homes were rated between 2014 and 2017, and unrated homes were selected from nearby neighborhoods. Quartiles were constructed based on the value 
of Home Energy Score (DOE), and each quartile contains about one fourth of all DOE-rated homes in the sample. Higher quartiles indicate better energy efficiency ratings. 

Exhibit 15. Average borrower and loan characteristics for unrated and DOE-rated homes 

Note: Sample size presented in this Exhibit are smaller than Exhibit 14, because the loan performance dataset in this Exhibit is a subset of the property dataset in Exhibit 
14. All homes are restricted to homes with primary mortgage accounts, with at least two years of loan performances. Unrated homes are further restricted to those built 
after 2013. Quartiles are constructed by Home Energy Score. Higher quartiles indicate better energy efficiency rating.

6.2. Summary Statistics for the Loan Dataset
On average, compared to unrated homes, DOE-rated homes have higher delinquency rates, as shown in Exhibit 15. 
However, the consumers in DOE-rated homes also have mortgages with slightly higher LTVs and DTIs. This contrasts 
with the RESNET sample, where rated homes tend to show lower delinquency rates with less credit-favorable profiles. 
Furthermore, in the DOE-rated sample, a better energy efficiency rating was not associated with better loan performance, 
when looking only at the DOE-rated homes by energy efficiency quartiles. In contrast to the RESNET-rated sample, there 
is also little pattern in loan characteristics as the energy efficiency level changes, except for that loans on homes with 
better DOE ratings had lower DTI, comprise a higher percentage of government loans, and were in neighborhoods with 
lower incomes.
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7. CONCLUSIONS
The two energy efficiency rating systems used for this study reveal two distinct markets for energy efficiency: buyers of 
new homes versus owners of existing homes. Across both markets, households who choose homes with energy efficiency 
ratings generally receive more advanced degrees than the benchmark populations. Existing homes with energy efficiency 
ratings are favored by the households older than 55 years of age, while new homes with ratings are favored by Generation 
Xers (36-54 years old as of 2016). Interestingly, there are also fewer high income (>120% AMI) and more low income (<=50% 
AMI) households in both energy efficiency-rated markets as compared to the general population. The interest in energy 
efficiency in the low-income cohort suggests that energy-efficient home improvements may be a means to support low-
income consumers.

Using the sample of energy efficiency-rated new homes (RESNET sample) with energy efficient features, we found a sale 
price premium associated with energy efficiency rating. New homes with RESNET ratings were sold for 2.7% more than 
comparable unrated homes on average. The higher price associated with energy efficient features could be offset by future 
utility bill savings and resale value. Furthermore, we observed a loan performance bump for energy efficiency-rated homes 
in the high DTI buckets (≥45%). This could suggest that potential energy savings associated with energy-efficient homes 
offer greater benefits to debt-stretched consumers. In underwriting, allowing certain flexibility in loan amount and DTI ratios 
could be contemplated to reflect the higher collateral value and lower default risk in the high DTI segment.

In contrast, data for energy efficiency in the market of existing homes is more limited. Measuring the impact of energy 
efficiency on the sale prices of existing homes is more challenging than on new homes because existing homeowners often 
request ratings to help decide whether to make energy efficiency improvements rather than to better position their homes 
for sale. As rating requests continue to grow over time, a larger data sample of energy efficient existing homes could be 
available for the price analysis.11 

11More localities and states are taking actions to incentivize energy efficiency in homes. For example, the City of Portland, Oregon has required all single-family home sellers 
to order and disclose energy audits since January 1, 2018. See www.portlandoregon.gov/bps/71421. 
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APPENDIX

Exhibit A1.

Exhibit A2.

Exhibit A3.

Exhibit A4a. Linear probability regression results for the choice of rating
This exhibit presents the regression results for the choice of rating. In column 1, property characteristics are used as the 
explanatory, assuming property attributes can predict the likelihood of a home being rated. In column 2, both property 
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and homeowners’ characteristics are used, assuming homeowners’ information is also associated with the choice of 
rating. Even though the requesters for RESNET ratings are likely to be developers rather than homeowners, developers 
could have targeted the potential buyers’ preference based on buyers’ characteristics. Propensity score calculations are 
based on column 2’s specification. 

Based on the propensity scores, we conducted matching with the nearest neighbor (n=1), as well as three and five 
nearest neighbors. Final results are not much different from each other and we only present the matching results with 
the nearest neighbor (n=1) in Exhibit 9 in the paper.
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Note: The X axis shows the standardized % bias across covariates, a metric to capture the difference between the rated and unrated groups. M = homes matched to 
rated homes; U = homes not matched to rated homes. Figure presents the nearest match (n=1) in the matching group. Variables included in the logistic regression for 
calculating propensity scores are square feet, lot size, building age buckets, as well as borrower’s income, age, marriage status, education, and neighborhood income.

Note: Data includes households with a first-lien mortgage reported in a major credit bureau data originated between January 2013 and September 2016 on houses built 
since 2013. Credit records with highly unusual values likely to result from reporting errors are excluded. 

 Exhibit A4b. Reduction in the dissimilarityof variables after matching 

Exhibit A5. Ever 60-day delinquency rate for conventional loans by LTV and DTI buckets
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Exhibit A6. Loan counts by LTV and DTI buckets for conventional loans 
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